The quantitative estimation of rock physics properties is of great importance in any reservoir characterization. We have studied the sensitivity of such poroelastic rock physics properties to various seismic viscoelastic attributes (velocities, quality factors, and density). Because we considered a generalized dynamic poroelastic model, our analysis was applicable to most kinds of rocks over a wide range of frequencies. The viscoelastic attributes computed by poroelastic forward modeling were used as input to a semiglobal optimization inversion code to estimate poroelastic properties (porosity, solid frame moduli, fluid phase properties, and saturation). The sensitivity studies that we used showed that it was best to consider an inversion system with enough input data to obtain accurate estimates. However, simultaneous inversion for the whole set of poroelastic parameters was problematic due to the large number of parameters and their trade-off. Consequently, we restricted the sensitivity tests to the estimation of specific poroelastic parameters by making appropriate assumptions on the fluid content and/or solid phases. Realistic a priori assumptions were made by using well data or regional geology knowledge. We found that (1) the estimation of frame properties was accurate as long as sufficient input data were available, (2) the estimation of permeability or fluid saturation depended strongly on the use of attenuation data, and (3) the fluid bulk modulus can be accurately inverted, whereas other fluid properties have a low sensitivity. Introducing errors in a priori rock physics properties linearly shifted the estimations, but not dramatically. Finally, an uncertainty analysis on seismic input data determined that, even if the inversion was reliable, the addition of more input data may be required to obtain accurate estimations if input data were erroneous.
INTRODUCTION
In reservoir characterization and monitoring (CO 2 storage or enhanced oil recovery [EOR] applications), the estimation of rock physics properties is of great importance for the monitoring of fluid distribution and potential leakages. The use of seismic methods has proven to be effective to detect fluid effects from surface data. This is because seismic attributes depend on various properties of the porous medium, including porosity, rock frame parameters, fluid properties, and saturation (Mavko et al., 2009) .
Many rheological models have been proposed to link P-and Swave velocities V P , V S to porosity ϕ. All these models show that Pand S-wave velocity decreases with increasing porosity, whereas effective or differential pressure and shear moduli decrease with increasing pore volume. Empirical relations can be used to link V P and ϕ, but they depend on the rock type. For example, Han et al. (1986) establish linear relations between V P , V S , porosity and the clay content of clastic sediments throughout their full diagenetic evolution (from unconsolidated sands to sandstones). The studies of Wyllie et al. (1956) (acoustic measurements of brine-oil-gas-saturated sedimentary rocks), Raymer et al. (1980) (porosity estimation in unconsolidated sandstones using a transit time-porosity correlation), and then Raiga-Clemenceau et al. (1988) (introduction of the acoustic formation factor) have similarly linked rock physics to elastic properties using empirical relations. An extensive compilation of velocity-porosity empirical relations has been presented by Mavko et al. (2009) . However, in these relations, P-wave velocity is only linked to porosity, whereas in real media, rigidity or fluid saturation in the drained medium (also called the frame or skeleton) will also affect velocities. The frame rigidity in turn depends on the Manuscript received by the Editor 20 April 2015; revised manuscript received 7 January 2016; published online 03 May 2016. 1 rigidity and arrangement (geometry, compaction, and aspect ratio) of the mineral grains. Murphy et al. (1993) define empirical relationships between porosity in sandstones and the ratio of rigidity and shear moduli. In addition to these rock frame properties, the compressibility of fluids inside pores needs to be considered.
To avoid the limitations associated with the use of empirical relations, several authors have studied the possibility of directly inverting poroelastic parameters from seismic viscoelastic data deduced from seismic attributes (velocities, attenuations, or amplitude variation with offset [AVO] attributes). Berryman et al. (2002) estimate the porosity and water saturation from the propagation velocities V P and V S measured under laboratory conditions for several rocks. Tang and Cheng (1996) fix all other constitutive poroelastic parameters and deduce the permeability from Stoneley waves. Bosch (1999) introduces a stochastic approach (density probability functions combined with Monte Carlo methods) to jointly invert various geophysical data (seismic, electromagnetic, and gravimetric data). However, he applies the method only to synthetic data and focuses on rock grain properties. In the same manner, Bachrach (2006) inverts seismic data (acoustic impedance, shear impedance, and density maps) to deduce only porosity and saturation images. Gunning and Glinsky (2007) try to obtain grain geometric characteristics as well as porosity and medium permeability from AVO analysis. van Dalen et al. (2010) show that it is possible numerically to simultaneously invert the permeability and the porosity using information contained in the frequency and angle dependencies of reflection coefficients (PP and PS). Rubino and Velis (2009) describe a prestack spectral inversion method using thin-layer amplitude variation with angle (AVA) data to estimate effective properties of partially saturated media, and Rubino and Velis (2011) link these effective properties to saturation.
In this paper, we propose an inversion approach based on dynamic poroelastic models that are valid for a large range of frequencies and most consolidated rocks (Pride, 2005) . This extended range of validity of the forward model is the main difference with respect to existing empirical studies that are limited to a few kinds of rocks or to restricted frequency ranges. Within Pride's equations, we used the Biot (1956) and Gassmann (1951) relations to compute variations in the bulk modulus (and then of V P ) of the drained medium during fluid substitution. For this, we need to know the fluid properties, including bulk modulus, density, and viscosity (see summaries for classical fluids in Batzle and Wang [1992] or Mavko et al. [2009] ). However, the Biot-Gassmann relations are based on the following assumptions:
1) The mechanical moduli are computed at low frequency, i.e., under static conditions, in the original Gassmann relations, restricting the possibilities of accounting for the dispersive effects observed in natural rocks. The extension of the model to complex rheologies (such as double porosity, patchy saturation, and squirt flow), frequency-dependent moduli can also be introduced (Pride et al., 2004) . 2) The medium is isotropic. Brown and Korringa (1975) extend the Gassmann relations to poroelastic anisotropic media, but the anisotropy parameters have to be known precisely, which is difficult even in well-constrained laboratory experiments.
3) The frame consists of identical grains. To include various mineralogical compositions, we can compute the effective frame moduli by averaging (Hashin and Shtrikman, 1963) bounds. 4) The pores are saturated with one single (or one effective) fluid phase. Domenico (1976) and Brie et al. (1995) , for instance, use simple averages, partly empirical, to compute the properties of the effective fluid. However, the patchy saturation theory (White, 1975; Dutta and Odé, 1979) makes it possible to take into account the spatial distribution of each fluid phase, which modifies seismic waveforms (dispersion and attenuation).
Biot-Gassmann's relations combined with the dynamic poroelastic equations proposed by Pride (2005) (which take into account a generalized dynamic permeability) are the basis for the sensitivity analysis presented here. However, the proposed approach can be extended to any kind of rock physics model. Although the current paper deals with theory, the inversion method, and sensitivity tests, the second part of this work (Dupuy et al., forthcoming) focuses on realistic applications, using full-waveform inversion (FWI) results as input data.
First, we describe the dynamic poroelastic theory used for forward modeling to compute seismic attributes from poroelastic properties. Second, the semiglobal optimization algorithm used to solve the inverse problem is defined. Then, we present synthetic sensitivity studies for the estimation of poroelastic properties with different rheological models and different combinations of input seismic attributes. Because the inversion requires assumptions on some poroelastic parameters (with a priori knowledge), the sensitivity study also investigates the influence of erroneous assumptions in addition to the uncertainty related to erroneous seismic input data.
FORWARD MODELING

Porous media homogenization
The description of a poroelastic material requires a homogenization approach for fluid and solid phases to deduce an equivalent medium at the wavelength scale (Burridge and Vargas, 1979) . The porosity ϕ ¼ V V ∕V T , which is the ratio between void and total volumes, defines respective proportions of fluid (ϕ) and solid (1 − ϕ) phases.
The fluid and associated flows through the solid matrix are described by the bulk modulus K f , density ρ f , and viscosity η. The viscosity is involved in Darcy's law with the effective hydraulic permeability k 0 . Auriault et al. (1985) and Johnson et al. (1987) generalize Darcy's law with a dynamic permeability kðωÞ that depends on the angular frequency ω. This complex permeability can be written using the dispersive relation,
The characteristic angular frequency ω c makes it possible to separate the low-frequency domain where viscous effects are dominant from the high-frequency domain where inertial effects prevail. Using Archie's law (Adler et al., 1992) , the angular frequency ω c can be defined as
where the cementation exponent m is related to the formation factor (Adler et al., 1992) and to the pore tortuosities (Brown, 1980) . From these complex constitutive parameters, we can introduce the flow resistance density termρðωÞ that describes the dynamic loss of energy due to the fluid flow with an explicit frequency dependence. It accounts for the intrinsic scattering of waves in the Biot poroelasticity theory (Biot, 1956) and is expressed as (ı is the complex number)ρ ðωÞ ¼ iη ωkðωÞ :
To consider partially saturated media (several fluid phases), if the saturation is uniform, the simplest approach is to build an effective fluid phase (computed by harmonic or arithmetic averages), which is plugged in the Biot-Gassmann theory for a saturated medium. Domenico (1976) and Berryman et al. (2000) propose to compute equivalent parameters by weighted averaging using the volume fraction of the fluid phase i. For densities, we use a weighted arithmetic average (Voigt, 1889) :
For the bulk fluid moduli, the weighted arithmetic (Voigt, 1889) and harmonic (Reuss, 1929) averages provide the lower and upper limits. Classically, the harmonic average is used (Hill, 1952) , but for a liquid/gas mixture, there are four orders of magnitude between moduli K f for water and air. For water saturation less than 99.9%, the harmonic average gives underestimated results. For this reason, Brie et al. (1995) formulate the effective K f as
where the subscript l denotes the liquid phase and g denotes the gas phase. The exponent e is set to five, as in Carcione et al. (2006) , to obtain good agreement with the experimental results of Johnson (2001) . We use this formulation hereafter. For viscosity, for a fluid phase constituted by a gas phase (viscosity η g and volume fraction V g ) and a liquid phase (viscosity η l and volume fraction 1 − V g ), Teja and Rice (1981) suggest a formula (also used by Carcione et al., 2006) to compute the effective viscosity η as
The solid frame is entirely described by the combination of grains (defined by the bulk modulus K s , shear solid modulus G s , and solid density ρ s ) in a solid frame. Various effective medium theories can be used to compute the effective mechanical moduli K D and G D (Berryman, 1995; Mavko et al., 2009) . In consolidated materials (typically, rocks such as sandstones, limestones, or shales), Pride (2005) shows that the use of relations including a general consolidation parameter cs matches real data well that are given as
For unconsolidated materials (near-surface sediments such as sands or clays), the mechanical behavior of the frame is mainly controlled by the grain contacts. Various models derived from Walton (1987) enable computation of K D and G D in a sphere packing assembly from the effective stress and a compliance parameter (Pride, 2005) . In our synthetic tests, we test two parametrizations, namely, inversion of the consolidation parameter cs or inversion of the effective moduli K D and G D .
The density of the porous medium is the arithmetic mean of the fluid and solid phases weighted by their own volumes via the porosity, such that
The introduction of the undrained bulk modulus K U , the Biot C modulus, and the fluid storage coefficient M makes it possible to explicitly describe the homogenized porous medium through the Gassmann relations (Gassmann, 1951) . Relationships between moduli K U , C, and M and the parameters K D , K s , K f , and ϕ are given by
where
The shear modulus G of the porous medium is assumed to be independent of the fluid characteristics and equals the shear modulus of the drained solid frame G D (equation 7), involving only the porosity ϕ and the consolidation parameter cs.
Effective viscoelastic properties (velocities and quality factors)
The Biot poroelastodynamic theory (Biot, 1956 ) (formulated in terms of the frequency domain by Pride et al., 1992) predicts three wave types namely (1) a P-wave and (2) a S-wave similar to those propagating inside an elastic body, and (3) a slow P-wave, called the Biot slow wave, which is strongly diffusive and attenuated at low frequencies. This Biot wave behaves as either a diffusive signal or a propagative wave depending on the frequency content of the wavelet with respect to the characteristic angular frequency defined in equation 2. The slowness of the S-wave is given by the following equation (Pride, 2005) :
whereas the slownesses of the P-waves, i.e., the P-and Biot waves, are given by
where γðωÞ and H are Sensitivity of seismic attributes 
The viscoelastic velocities V P and V S and quality factors Q P and Q S , as well as the mean density ρ, are the input data of our inverse problem and can be estimated by quantitative seismic imaging methods (Dupuy et al., forthcoming) . The Biot slow wave velocity and quality factor cannot be measured by classical seismic records. These effective properties (or seismic attributes) describe the behavior of the medium at the macroscale (wavelength), and their combination will provide inputs to the rock physics inverse problem.
INVERSION METHOD: SEMIGLOBAL OPTIMIZATION
The inverse problem consists in the extraction of models (poroelastic parameters) from input data (viscoelastic seismic attributes) and is formulated as
where d is the data vector, m is the model vector, and g is a nonlinear function linking models and data. In our approach, the function g contains the analytical Biot-Gassmann relations, which compute Pand S-wave velocities and quality factors and the mean density with respect to the poroelastic parameters. This function is nonlinear and the inverse of g cannot be computed. The solution of the system m ¼ g −1 ðdÞ has to be obtained by optimization methods. In our case, computation of the forward model is very fast (computation of analytical relations) and the number of model parameters is low. The global optimization methods search for the global minimum of the misfit function over the whole model domain, avoiding the convergence toward a local minimum. These methods consist in exploring the whole model space (inverted parameters) only limited by minimal and maximal values, to find the minimum of the misfit function. For the inversion process, we use an oriented Monte Carlo method called the neighborhood algorithm (NA), which is based on random exploration but is guided toward the best models to reduce computational costs (Sambridge, 1999a (Sambridge, , 1999b . The main advantage of this method (compared to simulated annealing or genetic algorithm methods) is that it needs only two control parameters: the number of models generated for each iteration and the resampling size of Voronoi cells. The choice of this semiglobal optimization method is crucial for accurate inversion with a large number of parameters (thanks to the fine resampling after each iteration).
The optimization aims to minimize a scalar function (misfit function) describing the discrepancy between the observed data d obs and calculated data gðmÞ (by forward modeling). We use an L 2 norm to compute the misfit CðmÞ as CðmÞ ¼ 1 2 ½ðd obs − gðmÞÞ T ðd obs − gðmÞÞ:
The principle of the NA (Sambridge, 1999a) consists in dividing the model space into Voronoi cells at each iteration. For each iteration, new cells are computed with respect to previous sample misfit values. The resampling is then focused on the lower misfit areas. In the examples given in this paper, we compute 1000 iterations and we choose a resampling factor equal to 10, such that 10,000 models are generated for each inversion.
SENSITIVITY ANALYSIS
We study the sensitivity of poroelastic parameters with respect to various classes of input data parametrizations: only P-wave velocity (V P ), P-and S-wave velocities (V P , V S ), P-and S-wave velocities and density (V P , V S , ρ), P-wave velocity, quality factor, and density (V P ; Q P ; ρ), P-and S-wave velocities and quality factors (V P ; Q P ; V S ; Q S ), and P-and S-wave velocities, quality factors, and density (V P ; Q P ; V S ; Q S ; ρ).
These various parametrizations are studied for saturated and partially saturated media in the following cases:
• case 1: saturated media with inversion of all parameters of the Biot-Gassmann model: fluid phase (K f , η, and ρ f ), solid phase (K s , G s , and ρ s ), and frame (m, ϕ, and cs) To be more realistic, two different sources of uncertainty are taken into account in the sensitivity tests. First, a priori lithologic parameters need to be defined (for cases 2, 3, and 4) using log data or knowledge of the regional geology for grain properties. These parameters will be considered to have 5%-10% error, even if the grains and fluid properties are well known for classic lithologies and fluid phases. Second, uncertainty related to the input data is taken into account, which is more difficult because it depends on the imaging method used and is also space dependent. In the associated application paper (Dupuy et al., forthcoming) , we use time-lapse FWI results as input data. For time-lapse acoustic inversion, Asnaashari et al. (2015) show, on synthetic examples, that there is approximately 5% error in a noise-free case and approximately 10% error in a noisy case. However, this uncertainty increases with depth due to the decrease in illumination. On the other hand, because the inversion could be target-oriented toward the reservoir area, particularly in a monitoring case, we can expect to have a lower uncertainty, especially using a priori information (Asnaashari et al., 2013) . In all cases, we assume that the uncertainty related to the estimation of quality factors is larger than the uncertainty related to the velocity estimation.
Case 1: Estimation of all poroelastic parameters
We consider a consolidated sandstone saturated with water. The poroelastic parameters that describe the medium and the seismic viscoelastic parameters computed by the extended Biot-Gassmann relations are given in Table 1 . We invert all the parameters of the solid phase (K s , G s , and ρ s ), the fluid phase (K f , η, and ρ f ), and the frame (m, cs, and ϕ) from V P , V S , Q P , Q S , and ρ data ( Figure 1 ). The system is highly underdetermined (nine parameters and five data maximum), so we show only the inversion results obtained with the full input data set. In Figure 1 , we present 2D sections of the model space (G s versus K s , η versus K f , ρ s versus ρ f , cs versus ϕ, and m versus ϕ). The color of each dot (representing each computed model) corresponds to the misfit value. We can then interpret the misfit function for pairs of inverted parameters. The ranges of possible values (model space) are large (1 < G s < 50 GPa, 1 < K s < 50 GPa, 0.00015 < K f < 2.6 GPa, 0.00001 < η < 0.5 Pa s, 2500 < ρ s < 3000 kg∕m 3 , 1 < ρ f < 1100 kg∕m 3 , 0 < cs < 20, 0 < ϕ < 1, and 1 < m < 2), and the parameters are assumed to be independent. Figure 1 shows that the bulk and shear moduli (K s and G s ) of grains are well estimated. Even if the whole model space is investigated, there is only one main minimum, located close to the true value. Sensitivities of the fluid bulk modulus K f and the fluid viscosity η are very low, with no clear minimum in the misfit function. The fluid density ρ f is well estimated, but not the solid density ρ s (the local minimum is 200 kg∕m 3 higher than the true value). The frame properties, cs and ϕ, are well estimated, with only one minimum in the model space. However, the cementation factor m is not well estimated. It is important to note that we use all the data avail- Table 1 . Poroelastic and viscoelastic parameters for the saturated medium (cases 1 and 2). Velocities and quality factors are computed at 200 Hz.
Poroelastic parameters
Figure 1. Inversion of poroelastic parameters (grain shear modulus G s , grain bulk modulus K s , fluid viscosity η, fluid bulk modulus K f , grain density ρ s , fluid density ρ f , consolidation parameter cs, cementation factor m, and porosity ϕ) from V P , V S , Q P , Q S , and ρ data. The true model is represented by the red cross. Each plot shows the values of computed models in the parameter space. The dot color depends on the misfit value (which is given in absolute value, namely, between 0% and 100%).
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able for this test. The results obtained with less input data are not shown here but display worse results. The results for case 1 indicate that inversion of all poroelastic parameters is difficult. With no a priori information of the medium properties, only several parameters are correctly estimated. It also shows that the sensitivity of input data is dominated by frame properties and to a lesser degree by the bulk and shear moduli of grains. The seismic attributes have very low sensitivity to other parameters, which in turn cannot be estimated without any a priori information injected into the inversion process. In addition, the a priori information and the input data are assumed to be exact, which is clearly the most favorable case for the inversion. Therefore, we aim to invert only targeted unknown sets of parameters (cases 2, 3, and 4).
Case 2: Estimation of solid frame parameters
For case 2, we assume that the fluid and grains parameters are known as a priori information (see Table 1 ), and we invert only the porosity ϕ and the frame properties (consolidation parameter cs or bulk and shear effective moduli K D and G D ). We show the results as 2D sections of the model space for the (ϕ, cs) parametrization in Figure 2 and for the (ϕ, K D , G D ) parametrization in Figure 3 . The ranges for the inverted parameters are large (0 < ϕ < 1, 0 < cs < 20, 1 < K D < 25 GPa, and 1 < G D < 25 GPa) and the parameters are independent.
The results for case 2 clearly show that, as soon as the inversion system is not underdetermined, the frame properties are very well estimated (less than 0.3% error, see Tables 2 and 3 ). This means that ϕ and cs can be well estimated with V P and V S data (Figure 2b) but not with only V P data (Figure 2a , approximately 50% error). We see on the 2D sections of the model space that the area of low misfit is considerably larger in Figure 2a than in Figure 2b , displaying several local minima and a wider valley, whereas the low misfit zone is unique and becomes smaller when we add more input data (Figure 2c-2f ). This result means that the inversion becomes increasingly well posed. For (ϕ, K D , G D ) parametrization, we observe similar patterns with good estimates of the three parameters as soon as we have three input data ( Figure 3 ). When we use only V P data, local minima are numerous and the parameters are not well esti-
Figure 2. Inversion of frame parameters (porosity ϕ and consolidation parameter cs) from (a)
The true model is represented by the red cross. Each plot shows the values of computed models in the parameter space. The dot color depends on the misfit value (which is given in absolute value, namely between 0% and 10%).
mated. Using V P and V S data, we reduce the low misfit zone, but we still have a 20% and 60% discrepancy between true and estimated values (Table 3) .
To assess the robustness of the inversion, several tests were performed considering erroneous a priori information. Table 2 gives the results and the relative errors obtained for the porosity-consolidation parametrization for the six data sets and for exact and erroneous assumptions on solid grain and fluid properties. Table 3 gives the results for the porosity-moduli parametrization. The italic values mean that the error is less than 1%, the bold values are still acceptable (between 1% and 25% error), and the bolditalic values correspond to estimations with errors larger than 25%. The main conclusions are consistent with results displayed in Figures 2 and 3: The estimation is very accurate as long as the assumptions on fluid and grain properties are good and if the inversion system is not underdetermined. When the system is underdetermined (less than two or three data depending on the parametrization), the parameter estimations are not satisfactory. When we add 5% or 10% error on the a priori assumptions, the estimation error increases but stays lower than 12% (except when [K s ; G s ; ρ s ] have 10% error with the [V P ; V S ; ρ] data set).
Tables 4 and 5 sum up the results testing the influence of the cementation factor m and the permeability k 0 for the (ϕ, cs) parametrization, whereas Tables 6 and 7 focus on 
Figure 3. Inversion of frame parameters (porosity ϕ, bulk drained modulus K D , and shear drained modulus
parametrization. The influence of the cementation factor is negligible (we do not show all results). In summary, for the (ϕ, cs) parametrization, the estimation of the porosity and the consolidation parameter is far from satisfactory, when only V P data are available (more than 50% error), whatever the cementation factor value (between 1 and 2). The estimation is good (less than 1% error) when we use at Table 2 . Results and percent error between true and estimated values for the (ϕ, cs) parametrization. The exact results are ϕ 0.4 and cs 5 (see Table 1 ). We assume that the estimation is good with less than 1% error (bold italic values), average with 1%-25% error (bold values), and poor with more than 25% error (italic values). We give the results for an exact a priori model and for erroneous models on grain (5% and 10% error) and fluid (5% and 10% error) properties. We show the results for the six data sets. Table 1 ). We assume that the estimation is good with less than 1% error (bold italic values), average with 1%-25% error (bold values), and poor with more than 25% error (italic values). We give the results for an exact a priori model and for erroneous models on grain (5% and 10% error) and fluid (5% and 10% error) properties. We show the results for the six data sets. least two input data, whatever they are. For the (ϕ, K D , G D ) parametrization, the results are similar. The estimation is good when we use three or more data, and this remains true whatever the cementation factor. The influence of permeability on the estimation error is negligible when there is enough data (at least two data for porosityconsolidation parametrization and at least three data for porositymoduli parametrization). However, as soon as we include quality factor data, an error in the permeability assumption generates high estimation errors. In return, attenuation data, if available, appear to be useful for permeability estimation. Tables 5 and 7 show these results when the permeability is simultaneously inverted together with porosity and consolidation/moduli. The main conclusion is that the permeability assumptions do not affect the estimation if only velocity and density data are considered while it is critical in estimating the permeability when we use attenuation data. These results are logical considering the strong permeability dependence of the flow resistance term (complex inertial term, see equation 3), which is itself related to the quality factor (imaginary part of the slowness, see equation 14). The permeability and porosity are simultaneously inverted independently (see Tables 4-7) . Nevertheless, Sengupta and Bachrach (2007) show that considering an a priori correlation between ϕ and k 0 can affect the estimation results, which are different when using correlated or noncorrelated a priori assumptions.
We also assess the impact of the uncertainty of the input data on the results. Using modern FWI techniques, we assume that a reliable estimation of velocities and quality factors could be obtained with 5% and 12% uncertainty, respectively (Asnaashari et al., 2015) . Table 8 sums up the results of the poroelastic inversion for both parametrizations considering the uncertainty in velocity and quality factor input data. The density estimation uncertainty is correlated with the uncertainty in velocities and considered to be equal to 5%. The estimation accuracy of frame poroelastic properties (ϕ, cs or ϕ, K D , G D ) logically decreases when input data error Table 5 . Results and percent error between true and estimated values for the (ϕ, cs) parametrization. We estimate additionally the hydraulic permeability k 0 . The exact results are: ϕ 0.4, cs 5, and k 0 10 −11 m 2 (see Table 1 ). We assume that the estimation is good with less than 1% error (bold italic values), average with 1%-25% error (bold values), and poor with more than 25% error (italic values). We show the results for the six data sets. Table 4 . Results and percent error between true and estimated values for the (ϕ, cs) parametrization. The exact results are ϕ 0.4 and cs 5 and ϕ 0.4 (see Table 1 ). We assume that the estimation is good with less than 1% error (bold italic values), average with 1%-25% error (bold values), and we assume it is poor with more than 25% error (italic values). We give the results for erroneous models on the hydraulic permeability k 0 . We show the results for the six data sets. is included. However, when the system is not underdetermined, the estimation remains accurate, with less than 25% error for at least two of the poroelastic parameters.
Case 3: Estimation of fluid phase properties
For time-lapse applications in oil, gas, or water reservoirs (EOR), it is crucial to know which fluid is filling the rock pores. For example, when steam is injected at high temperature in an oil reservoir, the geometric extension of oil, heated oil, and steam in the geologic layer may be determined by the inversion of seismic attribute data to estimate the fluid parameters, K f , η, and ρ f . Here, in case 3, we consider consolidated sands (Dai et al., 1995; Dupuy et al., forthcoming) where the steam is injected and we want to determine which fluid is saturating the reservoir layer. The physical parameters are given in Table 9 for several fluids filling up the porous medium (oil, heated oil, steam, or water). The ranges for the model space cover all the possible values for the four considered fluids (0.001 < K f < 3 GPa, 5 < ρ f < 1100 kg∕m 3 , and 0.00001 < η < 160 Pa s). Figure 4 shows 2D sections of the model space (ðρ f ; K f Þ and ðη; K f Þ) for each fluid inverted from V P data or from V P , V S , and ρ data. Oil, heated oil, and water have properties of the same order of magnitude and show similar results. Using only V P (Figure 4a , 4c, and 4e), only the bulk modulus K f is well estimated, whereas ρ f and η show a large spread of the low misfit zone. Adding new data (Figure 4b , 4d, and 4f) better constrains the inversion and improves the fluid density estimation. Nevertheless, fluid viscosity is never well estimated, probably due to its low sensitivity (even using additional Q P and Q S data, not shown here) in the considered frequency band (centered on 20 Hz). Contrary to the previous cases, adding quality factor data does not improve the inversion. Indeed, Q P and Q S values are very large (Table 9 , tending toward infinity) and do not constrain the inversion. Table 6 . Results and percent error between true and estimated values for the (ϕ, K D , G D ) parametrization. The exact results are ϕ 0.4, K D 8 GPa, and G D 1.5 GPa (see Table 1 ). We assume that the estimation is good with less than 1% error (bold italic values), average with 1%-25% error (bold), and poor with more than 25% error (italic values). We give the results for erroneous models on the hydraulic permeability k 0 . We show the results for the six data sets. Table 1 ). We assume that the estimation is good with less than 1% error (bold italic values), average with 1%-25% error (bold), and poor with more than 25% error (italic values). We show the results for the six data sets. The steam properties are several orders of magnitude lower than the oil properties ( Table 9 ). The inversion provides worse results for steam properties, the low misfit zone being broader whatever the data considered and only the density is well estimated (lowest difference in values) using V P , V S , and ρ data (Figure 4h ). However, even if several fluid parameters are difficult to invert (mainly the viscosity), we can determine the type of fluid using the information contained in the K f and ρ f estimations.
Tables 10 (for oil and water phases) and 11 (for heated oil and steam phases) sum up the best results for estimation of fluid properties and give the relative errors, considering an exact a priori model and 5%-10% errors on grain and frame properties. When the grain (K s ; G s ; ρ s ) and frame (ϕ; cs) properties are accurately known, the estimation of fluid density and bulk moduli is good (less than 0.1% error) if the number of data is sufficient (at least two data). However, the estimation accuracy decreases when we include quality factor data (between 2% and 50% errors), probably because of the influence of the viscosity on quality factors. The viscosity is never correctly estimated due to its dependence only on quality factors (via the flow resistance term, see equations 3 and 14). When a priori data are erroneous, the accuracy of the estimation globally decreases (from 2% to 20%-25% errors), but similarly to the case involving the estimation of frame parameters (case 2), it decreases linearly and not dramatically. Table 12 gives the estimation errors assuming that the input data are erroneous (5% error for velocities and density and 12% error for quality factors). Similarly to the results obtained for the inversion of frame parameters (case 2), the estimation error increases when the input data are uncertain, but the fluid bulk modulus is estimated with less than 30% error when quality factors are not considered (except for steam phase). The fluid density estimation is less accurate, but if V P , V S , and ρ are used, the estimation is good (less than 15% error). As the orders of magnitude between the values of bulk modulus and density are very large, we can guess that an uncertainty Table 1 ). We assume that the estimation is good with less than 1% error (bold italic values), average with 1%-25% error (bold values), and poor with more than 25% error (italic values). We give the results considering that the input data are exact (second and fourth columns), and we give the results considering that the input data are estimated with an uncertainty of 5% for velocities and density and 12% for quality factors (third and fifth columns). The dot color depends on the misfit value (which is given in absolute value, namely between 0% and 0.1%).
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in the estimation of approximately 20%-30% is not problematic to determine the type of saturating fluid.
Case 4: Estimation of saturation and solid frame parameters
For sensitivity case 4, we use the extended Biot-Gassmann model for a partially saturated medium. We assume that the saturation is uniform and include an effective fluid phase where the average fluid density is computed by arithmetic averaging (equation 4), the effective fluid bulk modulus is computed by the Brie et al. (1995) formulation (equation 5), and the effective viscosity is computed by the Teja and Rice (1981) formulation (equation 6). The geologic layer is composed of sands partially saturated with air and water. The parameter values are given in Table 13 . We simultaneously invert the frame parameters ϕ and cs and the water saturation V 1 . The porosity range is between 0 and 1, the consolidation parameter between 0 and 20, and the saturation between 0 and 1.
The results are shown in Figure 5 for ðV P Þ, ðV P ; V S Þ, ðV P ; V S ; ρÞ, and ðV P ; Q P ; ρÞ input data. When the system is underdetermined, it Table 10 . Results and percent error between true and estimated values of oil and water properties. The exact results are: K f 1.7 GPa, ρ f 985 kg∕m 3 , and η 150 Pa s for the oil phase and K f 2.5 GPa, ρ f 1040 kg∕m 3 , and η 0.001 Pa s for the water phase. We assume that the estimation is good with less than 1% error (bold italic values), average with 1%-25% error (bold), and poor with more than 25% error (italic values). We give the results for an exact a priori model and for erroneous models on grain (5% and 10% error) and frame (5% and 10% error) properties. We show the results for the six data sets. is difficult to obtain a good estimation of the inverted parameters (4%-25% error for ϕ and cs and from 50% to 120% error for V 1 , see Table 14 ). The 2D slices of the misfit functions (Figure 5a-5c ) highlight this result, showing several local minima, especially for water saturation V 1 . The shape of the misfit function for ϕ and cs is more uniform but still broad. Using ðV P ; V S ; ρÞ data, the frame parameters are not accurately estimated (12% error for ϕ and 25% error for cs) even if the misfit function has only one global minimum. In this case, the water saturation is poorly estimated as well. Therefore, it is necessary to include attenuation data (Q P , Figure 5d ) to obtain better results (less than 25% error). The results for ðV P ; Q P ; V S ; Q S Þ and ðV P ; Q P ; V S ; Q S ; ρÞ data are not given here, but they show even better results than ðV P ; Q P ; ρÞ data (less than 1% error; see Table 14 ). The addition of P-and S-wave quality factors seems to be decisive to obtain an accurate estimation of the saturation, indicating that quantitative seismic imaging developments should focus on viscoelastic implementations. The estimation of the porosity and the consolidation parameter is still correct when 5% error is considered for a priori parameters but Table 11 . Results and percent error between true and estimated values of heated oil and steam properties. The exact results are K f 1.2 GPa, ρ f 900 kg∕m 3 , and η 0.3 Pa s for the heated oil phase and K f 1.4 × 10 −3 GPa, ρ f 10 kg∕m 3 , and η 2.2 × 10 −5 Pa s for the steam phase. We assume that the estimation is good with less than 1% error (bold italic values), average with 1%-25% error (bold values), and poor with more than 25% error (italic values). We give the results for an exact a priori model and for erroneous models on grain (5% and 10% error) and frame (5% and 10% error) properties. We show the results for the six data sets. .6 >100 >100 >100 >100 >100 >100 >100 >100 >100 >100 >100 >100 29 >100 >100 >100 >100 >100 >100 >100 >100 >100 >100 >100 >100 >100 >100 >100 >100 >100 >100 >100 >100 >100 >100 >100 >100 >100 >100 >100 >100 >100 >100 >100 >100 >100 >100 >100 >100 >100 >100 >100 >100 >100 >100 >100 >100 Table 12 . Results and percent error between true and estimated values of fluid properties (K f , ρ f , and η). The exact results are K f 1.7 GPa, ρ f 985 kg∕m 3 , and η 150 Pa s for the oil phase, K f 2.5 GPa, ρ f 1040 kg∕m 3 , and η 0.001 Pa s for the water phase, K f 1.2 GPa, ρ f 900 kg∕m 3 , and η 0.3 Pa s for the heated oil phase and K f 1.4 × 10 −3 GPa, ρ f 10 kg∕m 3 , and η 2.2 × 10 −5 Pa s for the steam phase. We assume that the estimation is good with less than 1% error (bold italic values), average with 1%-25% error (bold), and poor with more than 25% error (italic values). We give the results considering that the input data are exact (third column) and the results considering that the input data are estimated with an uncertainty of 5% on velocities and density and 12% on quality factors (fourth column). Note that the values for the quality factors tend toward ∞, so the uncertainty related to Q P and Q S are negligible (except for the water saturated phase, see Table 9 ).
Heated oil
Exact input data Errors on input data increases when this a priori error is equal to 10% (Table 14) . Again, the addition of quality factor data (P-and S-waves) increases the accuracy of the estimation, even if the a priori model is erroneous. Table 15 sums up the estimation errors when uncertainty in input data is considered (5% error for velocities and density, and 12% error for quality factors). The estimation of frame properties (porosity and consolidation parameter) remains accurate enough (less than 10% error) when the system is not underdetermined. A good estimation of the saturation (when data are uncertain) requires the use of quality factor data and especially S-wave quality factor data (less than 3% error when V P , V S , Q P , and Q S are used). If only the P-wave quality factor data are available (in addition to V P and ρ), the estimation accuracy is similar with exact and erroneous input data, i.e., good for frame properties and average for saturation estimation (24% error).
DISCUSSION
The sensitivity study shows that the inversion of frame parameters is feasible when the system is well determined. It also shows that the permeability and the quality factors are strongly coupled. If we can use attenuation in input data, the permeability estimation might be accurate, although it is not if only velocity data are available. The inversion of saturation and frame properties shows mainly that it is necessary to use the quality factors (Q P and even Q S if the input data is erroneous) to obtain a proper estimation of saturation. The fluid properties are well estimated, especially the bulk modulus K f (even with only V P data). Even if we invert only the bulk modulus K f , we can determine the fluid type and then estimate the values of density and viscosity. The forward problem equations can be frequency dependent to take into account dispersion of propagation velocities and attenuations, but these frequency effects are mainly observed for complex media (patchy Table 13 . Poroelastic and viscoelastic parameters for the partially saturated medium (case 4). Velocities and quality factors are computed at 200 Hz.
Poroelastic parameters
cs 5
Viscoelastic parameters Table 14 . Results and percent error between true and estimated values for the porosity ϕ, consolidation parameter cs, and water saturation V 1 parameters. The exact results are ϕ 0.4, cs 5, and V 1 0.4 (see Table 13 ). We assume that the estimation is good with less than 1% error (bold italic values), average with 1%-25% error (bold values), and poor with more than 25% error (italic values). We give the results for an exact a priori model and for erroneous models on grain (5% and 10% error) and frame (5% and 10% error) properties. We show the results for the six data sets. Figure 5 . Inversion of solid frame parameters (porosity ϕ and consolidation parameter cs) and water saturation
The true model is represented by the red cross. Each plot shows the values of computed models in the parameter space. The dot color depends on the misfit value (which is given in absolute value, namely between 0% and 1%). Table 15 . Results and percent error between true and estimated values for the porosity ϕ, consolidation parameter cs, and water saturation V 1 parameters. Results and percent error between true and estimated values. The exact results are ϕ 0.4, cs 5, and V 1 0.4 (see Table 13 ). We assume that the estimation is good with less than 1% error (bold italic values), average with 1%-25% error (bold), and poor with more than 25% error (italic values). We give the results considering that the input data are exact (second column), and the results considering that the input data are estimated with an uncertainty of 5% on velocities and density and 12% on quality factors (third column). saturation, double porosity). Nevertheless, the rock physics model is generic enough to be used for all kinds of rocks and over a broad frequency range (from field to laboratory data). Note that the sensitivity tests of this paper have been carried out for high-porosity and high-permeability sandstones (see Tables 1, 9 , and 13) where poroelastic effects are maximized. We can expect that the sensitivities for lower porosity rocks are weaker. However, in the application paper (Dupuy et al., forthcoming) , we show that the rock physics inversion can work using only velocity data if the poroelastic medium has no significant effect on seismic attenuation (which also depends on the properties the inversion is focused on).
Exact input data Errors on input data
The uncertainty of the results is related to the uncertainty of the a priori rock physics properties and to the uncertainty of the seismic input data. If the a priori assumptions on rock physics properties are erroneous, the estimation is shifted linearly. As these assumptions can be quite accurate, thanks to well data, this uncertainty is not dramatic. Concerning the uncertainty in input data, the estimation is still relatively accurate for case 2 (less than 25% error if the system is not underdetermined) and case 3 (still possible to determine the fluid type). If the input data are uncertain, estimation of fluid saturation requires the use of S-wave attenuation in addition to Q P . Compared to existing works (Chotiros, 2002; Saltzer et al., 2005) , the use of dynamic poroelastic models helps reduce the uncertainty related to the choice of the rock physics model. The natural dispersion due to porous media is taken into account and a better explanation of physical behaviors is provided, giving the inversion a more realistic meaning. In the Biot theory, the effective stress is not explicitly expressed. However, for time-lapse applications, if we record a change in P-wave velocity, it can be related to a change in fluid saturation as well as a change in pore pressure (Bhakta and Landrø, 2014) .
This poroelastic inversion method is applied to several synthetic and real examples in Dupuy et al. (forthcoming) . The applications are focused on reservoir monitoring and are consequently more prone to show large poroelastic effects on seismic data, which is consistent with the choice of a dynamic poroelastic model. Input data are derived from high-resolution seismic imaging provided by FWI. Even if the sensitivity tests show that the addition of Swaves and attenuation inputs is highly valuable for the frame properties and saturation estimations, the examples are limited to acoustic results due to the difficulty of running efficient and reliable viscoelastic FWI (Virieux and Operto, 2009 ).
CONCLUSIONS
In this work, we have developed a workflow to estimate poroelastic parameters from viscoelastic seismic attributes. We propose a two-step strategy, consisting of conventional seismic imaging (FWI) followed by an inversion process. This approach is based on analytical Biot-Gassmann equations combined with generalized dynamic permeability, building an effective porous medium. The poroelastic inverse problem is solved using a semiglobal optimization method (NA algorithm).
The sensitivity study of this paper has shown that the estimation of poroelastic properties is accurate if enough inputs are available, meaning that the inverse system is well determined. Consequently, it is more reasonable to focus the estimation on a single phase (frame or fluid), by making appropriate assumptions on the other poroelastic properties. Although the inversion of frame moduli and porosity and the inversion of fluid properties (especially fluid bulk moduli) are accurate using P-and S-waves velocities as input data, the estimation of permeability and saturation requires attenuation input data. The sensitivity tests have also been carried out with erroneous a priori assumptions, and the estimation results are consequently linearly shifted but not dramatically. The uncertainty related to the seismic input data is also taken into account, and the tests show that the inversion process is reliable even if it is less accurate and requires additional input data.
